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Abstract: Determining the response of dominant height growth to climate change is important for
understanding adaption strategies. Based on 550 permanent plots from a national forest inventory
and climate data across seven provinces and three climate zones, we developed a climate-sensitive
dominant height growth model under a mixed-effects model framework. The mean temperature of
the wettest quarter and precipitation of the wettest month were found to be statistically significant
explanatory variables that markedly improved model performance. Generally, future climate change
had a positive effect on stand dominant height in northern and northeastern China, but the effect
showed high spatial variability linked to local climatic conditions. The range in dominant height
difference between the current climate and three future BC-RCP scenarios would change from
´0.61 m to 1.75 m (´6.9% to 13.5%) during the period 2041–2060 and from ´1.17 m to 3.28 m
(´9.1% to 41.0%) during the period 2061–2080 across provinces. The impacts of climate change on
stand dominant height decreased as stand age increased. Forests in cold and warm temperate zones
had a smaller decrease in dominant height, owing to climate change, compared with those in the mid
temperate zone. Overall, future climate change could impact dominant height growth in northern
and northeastern China. As spatial heterogeneity of climate change affects dominant height growth,
locally specific mitigation measures should be considered in forest management.
Keywords: stand dominant height; mean temperature of wettest quarter; precipitation of wettest
month; mixed-effects model
1. Introduction
As shown in IPCC reports [1], in contrast to 1986–2005, the global mean surface temperature
during the period 2081–2100 is likely to increase by 0.3 ˝C to 4.8 ˝C under different climatic scenarios,
and cold and hot temperature extremes will be more frequent over most land areas. As climate is a
strong driver of forest growth [2], the strong effect of climate change on forests needs to be considered.
However, there is no consistent understanding of the direction and magnitude of climate effects on
forests. In previous studies, both positive and negative effects were reported. For instance, forest
productivity can be increased by increasing atmospheric carbon dioxide, which has been called the
“fertilizer effect” [3]. In contrast, extreme climate change is likely to result in huge and long-lasting
decreases in forest productivity as well as in forest degradation [4].
Thought to be independent of density and thinning treatments [5,6], dominant height acts as
a broadly accepted index that can be used to evaluate site quality of an even-aged, single-species
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stand [7]. In addition to calculating site index using a given reference age, dominant height is
widely incorporated into height-diameter [8–10], crown ratio [11], diameter-distribution [12,13],
individual tree mortality [14,15], annual survival probability [16], diameter growth [17], stand
basal area growth [18,19], and stand volume growth [20,21] models. Although a climate-sensitive
dominant height growth model has been developed to quantify the effects of climate change, many
uncertainties and inconsistencies remain with respect to these effects. Wang et al. [22] explored the
reparameterization method for Eucalyptus globulus Labill. plantations in southeastern Australia using
random effects. They found that mean annual rainfall and mean daily maximum temperature in
winter were significant in explaining the variation in dominant height growth. Bravo-Oviedo et al. [23]
adopted the generalized algebraic difference approach for Mediterranean maritime pine (Pinus pinaster
Ait.) in Spain and found drought period length, mean annual temperature, and total precipitation
in autumn and winter were significant in explaining the variation in dominant height. Sharma et al. [24]
reported that even though the same climate variables were found to be significant in affecting
dominant height growth for different species in the same region, the directions were different.
In their report, growing season total precipitation had positive effects on dominant height growth for
both jack pine (Pinus banksiana Lamb.) and black spruce (Picea mariana (Mill.) B.S.P.), and growing
season mean temperature can facilitate dominant height growth of black spruce and can reduce the
asymptote dominant height of jack pine. Besides climate variables, soil properties have also been
used as predictors in dominant height or site index models to improve empirical estimation of forest
productivity [25–27].
Larch is one of the primary commercial plantation genera in China and comprises 6.5% of the
area and 6.8% of the volume of forests across the country [28]. As climate change may induce forest
degradation, deforestation, forest fire, and exotic insect pests and pathogens, and because larch is very
sensitive to climate change [29], sustainable forest management for this species is facing challenges,
and risk management must be considered in forest management planning. New growth models
that incorporate climate variables may be the first step in providing pivotal information on how to
adapt to climate change. Shen et al. [30] developed a climate-sensitive site index model for Jilin
Province (mid-northeastern China). As forest response to climate change differs according to social
conditions [31] and the extreme topographical conditions in northern and northeastern China, it is
necessary to assess the spatial heterogeneity so as to include specific adaption measures in forest
management. Until now, there are no reports assessing the spatial heterogeneity of climate change
effects on the dominant height of larch plantations at a large scale in northern and northeastern China.
The two objectives of this study are as follows: (1) to develop a climate-sensitive dominant height
growth model for larch plantations in northern and northeastern China, and (2) to project the effect of
future climate change on dominant height growth and its spatial heterogeneity.
2. Materials and Methods
2.1. Plot Height-Age Data
A total of 550 plots obtained from the 6th, 7th, and 8th Chinese National Forestry Inventories
(NFI) across seven provinces (Beijing, Hebei, Shanxi, Liaoning, Jilin, Heilongjiang, and Inner Mongolia)
in northern and northeastern China were used to develop dominant height growth models. Only pure
larch plantation plots were selected. All plots had three measurement records. The re-measurement
intervals were 5 years for most but 4 years for a few plots. In each plot, diameter at breast height for
trees larger than 5 cm was measured using a diameter tape at 1.3 m above the ground. Trees were
identified to the species level with the exception of Heilongjiang, Inner Mongolia, and Shanxi, where
trees were simply recorded as “Larch”. The larch species found in these plots were Larix gmelinii (Rupr.)
Kuzen., Larix olgensis A. Henry, Larix kaempferi (Lamb.) Carrière, and Larix principis-rupprechtii Mayr.
Height measurements were conducted in each plot for 1–3 intermediate trees using a Blume–Leiss
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hypsometer. Other variables measured included stand age and topography (e.g., elevation, aspect,
and slope).
A height-diameter model developed by Zang et al. [32] was used to determine the total height
of all trees in each plot. In addition, the height of the dominant trees was calculated as the average
height of the dominant trees, which was determined for the 100 tallest trees per hectare. These data
were randomly divided into two data sets: data from 495 plots (90.0%), used for model fitting, and
data from the remaining 55 plots (10.0%), used for model validation. The dataset covered broad stand
conditions in temperate forests, and the location of the plots is shown in Figure 1. Additional data
describing the plots included in this study can be found in Table 1.
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Table 1. Summary of dominant height data by province. 105 
Data  Province  Number 
of Plots 
H (m) Age (Years) N (Trees∙ha−1)  BA (m2∙ha−1)
Mean SD Mean SD Mean SD  Mean  SD
Fitting data 
Beijing  9  8.6  1.3  28  9.6  641  440.6  8.5  9.3 
Hebei  79  8.0  1.7  24  8.3  1141  665.8  11.8  8.9 
Heilongjiang  118  10.7  3.2  26  9.4  681  627.1  6.8  6.5 
Jilin  149  11.4  3.1  26  10.0  1113  712.0  11.6  6.7 
Liaoning  59  13.3  3.1  24  10.1  989  534.0  13.8  8.3 
Inner Mongolia  44  9.3  2.5  25  8.1  1098  861.8  11.4  8.6 
Shanxi  37  8.6  2.0  24  8.8  1196  709.8  11.4  9.2 
Validation data 
Beijing  1  10.9  0.5  40  5.0  1439  54.1  31.4  5.7 
Hebei  6  8.3  1.4  25  9.0  1483  726.9  15.2  8.0 
Heilongjiang  15  10.0  3.0  28  8.6  567  599.7  5.0  5.4 
Jilin  15  12.6  2.8  29  10.2  1290  535.1  15.8  6.3 
Liaoning  9  11.9  2.3  17  4.7  1445  560.4  12.7  6.2 
Inner Mongolia  6  9.1  2.8  24  9.5  893  647.3  8.1  5.3 
Shanxi  3  6.9  1.5  18  6.6  1062  532.6  6.3  4.0 
H, dominant height; N, tree number per hectare; BA, basal area per hectare. 106 
Figure 1. The distribution of plots. Latitude and longitude ranged from 34˝341 N to 53˝331 N and
97˝121 E to 135˝051 E, respectively; the geographic coordinate system of this map was GCS_Clarke_1866.
Table 1. Summary of dominant height data by province.
Data Province Number
of Plots
H (m) Age (Years) N (Trees¨ha´1) BA (m2¨ha´1)
Mean SD Mean SD Mean SD Mean SD
Fitting
data
Beijing 9 8.6 1.3 28 9.6 641 440.6 8.5 9.3
Hebei 79 8.0 1.7 24 8.3 1141 665.8 11.8 8.9
Heilongjiang 118 10.7 3.2 26 9.4 681 627.1 6.8 6.5
Jilin 149 11.4 3.1 26 10.0 1 3 12.0 11.6 6.7
Liaoning 59 13.3 3.1 24 10.1 989 34.0 13.8 8.3
Inner Mongolia 44 9.3 2.5 25 8.1 1098 861.8 11.4 8.6
Shanxi 37 8.6 2.0 24 8.8 1196 709.8 11.4 9.2
Validation
data
Beijing 1 10.9 0.5 40 5.0 1439 54.1 31.4 5.7
Hebei 6 8.3 1.4 25 9.0 1483 726.9 15.2 8.0
Heilongjiang 15 10.0 3.0 28 8.6 567 599.7 5.0 5.4
Jilin 15 12.6 2.8 29 10.2 1290 535.1 15.8 6.3
Liaoning 9 11.9 2.3 17 4.7 1445 560.4 12.7 6.2
Inner Mongolia 6 9.1 2.8 24 9.5 893 647.3 8.1 5.3
Shanxi 3 6.9 1.5 18 6.6 1062 532.6 6.3 4.0
H, dominant height; N, tree number per hectare; BA, basal area per hectare.
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2.2. Climate Data
A total of 19 candidate bioclimatic variables [33] with a resolution of 1 km ˆ 1 km over three
periods: 1950–2000 (historical climate), 2041–2060, and 2061–2080 [34] for each plot were obtained
from the WorldClim database [33]. The GCM model for future climate scenarios used in this study was
BCC-CSM1-1 (Beijing Climate Center Climate System Model), developed by China. The 1950–2000
historical climate data were used to construct the climate-sensitive dominant height growth model, and
the 2041–2060 and 2061–2080 climate data were used for projection. Three representative concentration
pathways (RCPs) [35,36], RCP2.6, RCP4.5, and RCP8.5, were used to analyze the forest response to
future climate change using the climate data at two time horizons, which were averaged over 20 years
from 2041–2060 and 2061–2080. These pathways represent the future climate scenarios with low,
medium and high concentrations of greenhouse gases and predictive radiative forcing, respectively.
Therefore, a set of seven climate scenarios was obtained: current climate in the period 1950–2000,
RCP2.6, RCP4.5, and RCP 8.5 in the period 2041–2060 and RCP2.6, RCP4.5, and RCP 8.5 in the period
2061–2080.
2.3. Soil Data
Soil attributes were compiled from the China Dataset of Soil Properties for Regional Land Surface
Modeling [37], linked to NFI plots based on their geographic coordinates. The soil attributes had a
spatial resolution of 30 ˆ 30 arc-seconds and were derived using the soil-type linkage method and
the soil polygon linkage method [38]. According to the actual depth, only 15 soil attributes (pH value,
soil organic matter, total nitrogen, total phosphorus, total potassium, alkali-hydrolysable nitrogen,
available phosphorus, available potassium, cation exchange capacity, exchangeable H+, exchangeable
Ca2+, exchangeable Mg2+, exchangeable K+, exchangeable Na+, bulk density) of five layers
(i.e., 0 m–0.045 m, 0.045 m–0.091 m, 0.091 m–0.166 m, 0.166 m–0.289 m, 0.289 m–0.493 m) were
selected to explain the variation in dominant height growth.
2.4. Model Development
In the preliminary analysis, different growth equations [39] were assessed. The Gompertz
equation performed best based on the Akaike’s information criterion (AIC), the adjusted coefficient of
determination (Ra2), the mean absolute bias (MAB) and the root mean squared error (RMSE) and was
used to incorporate climate variables and soil variables through re-parameterization.
Hij “ 1.3` β0 ˆ e´β1ˆe
´β2ˆAgeij ` εij (1)
AIC “ ´2LL` 2p (2)
Ra2 “ 1´
niř
i“1
nijř
j“1
pHij ´ Hˆijq2
niř
i“1
nijř
j“1
pHij ´ Hq2
ˆ n´ 1
n´ p´ 1 (3)
MAB “
niř
i“1
nijř
j“1
ˇˇ
Hij ´ Hˆij
ˇˇ
n
(4)
RMSE “
gffffe
niř
i“1
nijř
j“1
pHij ´ Hˆijq2
n´ p´ 1 (5)
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where Hij and Ageij are the dominant height and stand age of the jth measurement of the ith plot,
respectively; εij is the error term; β0, β1, β2 are model parameters; Hˆij is the predicted dominant height
of the jth measurement in the ith plot; H is the observed mean dominant height for all data; ni and nij
are the total number of plots and the measurements in the ith plot, respectively; p is the number of
model parameters; and LL is the log-likelihood.
To determine which factors could impact dominant height growth, three topography variables
(altitude, slope, aspect), 19 climate variables, and 15 soil variables were used to express the parameters
in the Gompertz function above to ensure that their influence on dominant height growth could be
assessed. To avoid over-parameterization and multi-collinearity in the model, backward stepwise
regression was initially used to reduce variables, and then variables with a variance inflation factor
(VIF) less than five were selected. Finally, the relative weight method [40] was used to choose the final
variables for expressing the parameters in the Gompertz function. Alpha = 0.05 was used to determine
the form of the dominant height growth model. Details of how variables were eliminated are provided
in File S1.
A mixed-effects model was adopted owing to the hierarchical structure of the data.
All combinations of random parameters were tested, and the AIC criterion was used to determine
the best combination [41]. The within-group residuals of the mixed effects model were analyzed for
possible autocorrelation and heteroscedasticity [22], and the maximum likelihood method was used to
estimate the mixed-effect model parameters [42].
The subject-specific values for a new group need to be predicted if not included in the fitting data
using Equation (6) [43]
Uˆi “ ΨˆZˆTi
´
ZˆiΨˆZˆTi ` Rˆi
¯´1
ei (6)
where Uˆi is the prediction vector for random parameters, Ψˆ is the estimated variance-covariance
matrix for among-group variability, Rˆi is the estimated variance-covariance matrix for within-group
variability, Zˆi is the partial derivatives matrix with respect to the random parameters, and ei is the
residual vector determined by the difference between the observed heights and predicted heights
using the mixed effects model, including only fixed effects.
The final mixed-effects model was used to project dominant height growth under different future
climate scenarios. The effects of dominant height growth response to climate change were evaluated
for each measurement using the difference in dominant height growth between the current (1950–2000)
and future (2041–2060 and 2061–2080) climate.
In the present study, all calculations were performed using R software [44], and the nlme [45]
package was used for the mixed-effects models.
3. Results
3.1. Model Development
The mean temperature of the wettest quarter (TWQ) and the precipitation of the wettest month
(PWM) were found to be significant in explaining the variation in dominant height growth for larch
plantations (Equation (7)). The final model (Equation (8)) with random effects was written as
Hij “ 1.3` pβ0 ` β1 ˆ PWMiq ˆ e´β2ˆe
´pβ3`β4ˆTWQiqˆAgeij ` εij (7)
Hij “ 1.3` pβ0 ` bi ` β1 ˆ PWMiq ˆ e´β2ˆe
´pβ3`β4ˆTWQiqˆAgeij ` εij (8)
with
εij „ Np0, δ2q
where TWQi and PWMi represent the mean temperature of the wettest quarter and the precipitation
of the wettest month of the ith plot, respectively; β0, β1, β2, β3, β4 are fixed-effect parameters; bi is
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a plot-level random parameter; and δ2 is the unknown scaling factor of the error within the group.
All parameter estimates are listed in Table 2. The high variance of bi indicated that large variation
existed at the plot level; thus, other variables besides TWQ or PWM explained dominant height growth
but were not included.
The statistics of the model fitting and validation are shown in Table 2. Compared to the traditional
dominant height growth model (Equation (1)) (Ra2 = 0.46, MAB = 1.92 m, RMSE = 2.38 m, AIC = 6099
for fitting data and MAB = 2.29 m, RMSE = 2.67 m for validation data), Equation (7) with the inclusion
of climate variables (TWQ, PWM) improved the model performance (Ra2 = 0.65, MAB = 1.47 m,
RMSE = 1.90 m, AIC = 5507 for fitting data and MAB = 1.69 m, RMSE = 2.06 m for validation data), and
the climate-sensitive dominant height growth model (Equation (8)) with random parameters vastly
improved the model results (Ra2 = 0.97, MAB = 0.37 m, RMSE = 0.56 m, AIC = 4247 for fitting data and
MAB = 0.34 m, RMSE = 0.52 m for validation data) compared with Equations (1) and (7), and removed
residual heterogeneity (Figure 2). Regardless of whether the mixed-effects model approach was used,
coefficients of PWM and TWQ were positive, which implies that PWM is associated with maximum
dominant height and TWQ increases the growth rate of the dominant height.
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Figure 2. Residuals for dominant height growth models, (a) Equation (1); (b) Equation (7);
(c) Equation (8).
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Table 2. Parameter estimates and statistical criteria.
Parameter Equation (1) Equation (7) Equation (8)
β0 31.2967 (9.116) 8.8033 (1.1544) 5.2349 (0.6426)
β1 0.0715 (0.008) 0.0483 (0.0038)
β2 2.0924 (0.2257) 1.7909 (0.0548) 1.9798 (0.0566)
β3 0.0209 (0.0054) 0.0162 (0.0036) 0.0372 (0.0095)
β4 0.0008 (0.0002) 0.0019 (0.0005)
δb
2 2.6132
δ2 0.6894
Fitting
Ra2 0.46 0.65 0.97
AIC 6099 5507 4247
MAB (m) 1.92 1.47 0.37
RMSE (m) 2.38 1.90 0.56
Validation
MAB (m) 2.29 1.69 0.34
RMSE (m) 2.67 2.06 0.52
δb
2, variance of bi; values in parentheses are standard deviation.
3.2. Prediction of Dominant Height Growth under Future Climate Change
As Table 3 shows, compared to current climate conditions, three RCP climate scenarios show that
the average difference in TWQ would range from 2.27 ˝C to 3.23 ˝C (12.3% to 17.5%) by 2041–2060 and
from 1.84 ˝C to 3.96 ˝C (10.0% to 21.4%) by 2061–2080, while the average difference of PWM would
range from ´4.80 mm to 24.49 mm (´2.9% to 14.9%) by 2041–2060 and from 15.36 mm to 18.19 mm
(9.3% to 11.1%) by 2061–2080. According to the climate-sensitive model, the dominant height change
in response to future climate change, in contrast to the current climate, was calculated for all plots.
The average difference in dominant height would range from ´0.10 m to 1.11 m (1.0% to 11.1%) by
2041–2060 and from 0.76 m to 1.13 m (7.1% to 13.3%) by 2061–2080. The dominant height growth
change in response to future climate change in different provinces is presented in Table S1. Generally,
future climate change had a positive effect on dominant height growth in this region.
3.2.1. Growth Difference in Dominant Height across Different Provinces and Climate Zones under
Future Climate Scenarios
The dominant height changes predicted under various climate scenarios did not show a consistent
trend for 2041–2060 and 2061–2080, depending on the scenario and province. Although future climate
change had a positive effect on dominant height growth as Table 3 shows, considerable variability
existed among provinces in terms of the magnitude of the dominant height difference under different
climate scenarios. Compared to the dominant height under the current climate conditions across
provinces (Figure 3), we predicted that the average difference in dominant height for larch plantations
would range from ´0.61 m to 1.75 m (´6.9% to 13.5%) by 2041–2060 and from ´1.17 m to 3.28 m
(´9.1% to 41.0%) by 2061–2080. Dominant height growth in Beijing, Inner Mongolia and Shanxi
was less sensitive than in Hebei, Heilongjiang, Jilin, and Liaoning. A population mean tendency
was provided by the distribution of dominant height differences for the whole region (Figure 3).
The mean values of the whole region under different climatic scenarios were positive, which indicated
divergence in seven provinces. Furthermore, the median and mean values of the whole region showed
an increased tendency following the sequence: RCP2.6 in the period 2041–2060 <RCP8.5 in the period
2041–2060 <RCP2.6 in the period 2061–2080 <RCP4.5 in the period 2061–2080 <RCP8.5 in the period
2061–2080. The sequence seems to suggest that the mean difference increases with greenhouse gas
concentrations (which were represented by three climate scenarios) and time. However, the difference
distribution among provinces showed a mixed circumstance, and only Hebei showed a sequence
similar to the whole region. The large spatial heterogeneity of future dominant height change across
the geographic scale is found in Figure 4, which is consistent with Figure 3.
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Table 3. Predicted dominant height under future climate scenarios for all plots.
Period Climate
Scenario
TWQ PWM Dominant Height
Mean SD ∆TWQ ∆TWQ% Mean SD ∆PWM ∆PWM% Mean SD ∆H ∆H%
1950–2000 Current 18.5 2.32 0.00 0.0% 164.6 37.73 0.00 0.0% 10.5 3.09 0.00 0.0%
2041–2060 RCP2.6 20.8 2.34 2.32 12.5% 159.8 37.53 ´4.80 ´2.9% 10.6 3.16 0.10 1.0%
RCP4.5 20.8 2.24 2.27 12.3% 189.1 45.96 24.49 14.9% 11.6 3.28 1.11 11.1%
RCP8.5 21.8 2.24 3.23 17.5% 172.1 38.52 7.50 4.6% 11.1 3.22 0.65 6.4%
2061–2080 RCP2.6 20.4 2.29 1.84 10.0% 179.9 47.67 15.36 9.3% 11.2 3.38 0.76 7.1%
RCP4.5 21.4 2.34 2.88 15.5% 180.6 45.92 16.04 9.8% 11.4 3.21 0.89 9.1%
RCP8.5 22.5 2.16 3.96 21.4% 182.8 46.79 18.19 11.1% 11.6 3.42 1.13 13.3%
∆TWQ, ∆PWM and ∆H are the mean values of each plot under future climate scenarios minus those of the current climate; ∆TWQ%, ∆PWM% and ∆H % are the values of ∆TWQ,
∆PWM and ∆H divided by the values of TWQ, PWM and H, respectively, under the current climate.
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Figure 3. Boxplot of the predicted dominant height difference between different climate scenarios and
current climate for seven provinces and the whole region; the hollow circles in each bar indicate the
average values; the dashed vertical lines show zero lines (no dominant height difference).
To avoid a sudden change in growth process resulting from a change in climate scenarios from
2060 to 2061, we simulated the growth of dominant height using the same climate data from one of the
following seven scenarios for 50 years: current, RCP2.6 in 2041–2060, RCP4.5 in 2041–2060, RCP8.0
in 2041–2060, RCP2.6 in 2061–2080, RCP4.5 in 2061–2080, RCP8.0 in 2061–2080. Figure 5 shows the
dominant height profiles generated from climate-sensitive mixed-effects model (Equation (8)) using
the average values of all climatic variables for larch plantations under different climate scenarios.
Additionally, the dominant height profile of the whole region was also generated for comparison.
It clearly showed that differences existed in the growth curve of dominant height among provinces.
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For example, Liaoning, Jilin and Heilongjiang had larger maximum asymptotic values than those of
Beijing and Shanxi. In most cases, the values of dominant height under RCP8.5 during the period
2061–2080 were the lowest with the exception of Hebei, Heilongjiang and Inner Mongolia, and the
values of dominant height under RCP4.5 during the period 2041–2060 were the highest over all
provinces. In contrast, the whole region showed a population mean tendency and neglected the
differences among provinces. For instance, the stand dominant height profiles of the whole region
under the future climate scenarios were larger than those under the current climate, and this was
inconsistent for different provinces. This is consistent with Figure 3. Generally, the increase in
dominant height in the cold and warm temperate zones was smaller than that in the mid temperate
zone (Figure 4).
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Figure 4. The distributio of t iff r s t een the predicted dominant height of diff rent
climate scenarios and the current predicte dominant height, (a) RCP2.6 during the period 2041–2060;
(b) RCP2.6 during the period 2061–2080; (c) RCP4.5 during the period 2041–2060; (d) RCP4.5 during
the period 2061–2080; (e) RCP8.5 during the period 2041–2060; (f) RCP8.5 during the period 2061–2080.
The bold line shows the climatic zones: I for the cold temperate zone, II for the mid temperate zone and
III for the warm temperate zone; the geographic coordinate system of these maps is GCS_Clarke_1866.
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3.2.2. Dominant Height Responses of Larch Plantations at Different Forest Stages to Climate Change
To explore whether the growth difference in dominant height varied depending on forest stage,
the data were divided into four segments based on stand age: young forests (<20 years), middle-aged
forests (20–30 years), pre-mature forests (30–40 years), and mature forests (ě40 years). As Table 4
shows, in most cases, the magnitude of the relative change of dominant height (∆H%) decreased with
increasing stand age with the exception of RCP8.5 during the period 206 –2080.
Table 4. Predicted dominant height difference under future climate scenarios at different stages and
under different climate scenarios.
Period ClimateScenarios Statistics
Young
Forest
Middle-Aged
Forest
Pre-Mature
Forest
Mature
Forest
2041–2060
RCP2.6
∆H (m) 0.19 0.14 ´0.08 0.01
∆H % 2.0% 1.1% ´0.6% ´0.1%
RCP4.5
∆H (m) 0.98 1.17 1.18 1.32
∆H % 11.9% 11.4% 9.9% 9.7%
RCP8.5
∆H (m) 0.58 0.70 0.68 0.69
∆H % 7.0% 6.7% 5.5% 4.8%
2061–2080
RCP2.6
∆H (m) 0.62 0.77 0.90 0.97
∆H % 7.3% 7.1% 7.0% 6.5%
RCP4.5
∆H (m) 0.84 0.95 0.92 0.80
∆H % 10.4% 9.4% 7.6% 5.9%
RCP8.5
∆H (m) 0.94 1.27 1.34 0.80
∆H % 13.7% 14.4% 12.8% 7.1%
∆H is the predicted dominant height of different climatic scenarios minus that of the current climate; ∆H% is
∆H divided by dominant height of the current climate.
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4. Discussion
4.1. Climate-Sensitive Dominant Height Growth Model
As sustainable forest management needs to address concerns over global climate change,
new growth models will be required that incorporate climate attributes as a pivotal part of independent
variables [46]. In the present study, both climate variables and edaphic variables were explored to be
incorporated into a dominant height growth model, and we found TWQ and PWM were significant in
explaining the variation in dominant height growth of larch plantations in northern and northeastern
China. The climate-sensitive dominant height growth model improved model performance. TWQ
and PWM had significant effects on parameters β0 and β2 in Equation (1), which represented the
asymptote and growth rate of dominant height, respectively. PWM showed a positive effect on the
maximum dominant height, and TWQ showed a positive effect on the rate of dominant height growth.
Many studies have found that precipitation is a key factor that has often been shown to have positive
effects on the growth of larch plantations [30,47]. For example, the positive effects of precipitation on
stand dominant height growth were also found for jack pine and black spruce [24], and these findings
are consistent with those of the present study. Similar to precipitation, a positive effect was found for
the response of dominant height to temperature. Although temperature is also a key factor in forest
growth [48,49], the correlation between temperature and forest growth was inconsistent in previous
studies, even for larch in China. Shen et al. [30] found an opposite result to the present study, i.e.,
that temperature showed a negative effect on site index of Larix olgensis in Jilin, China. However,
Zhang et al. [49] found a significantly positive correlation between temperature and tree-ring width
for Dahurian larch in Inner Mongolia, northeastern China. For other species, Wang et al. [22] reported
that temperature had a positive effect, and Sharma et al. [24] reported that an increase in temperature
had positive effects on the growth of dominant height for black spruce but negative effects for jack
pine in Northern Ontario, Canada. Clark et al. [50,51] found that the annual diameter increment of six
species and productivity were markedly lower when temperatures increased slightly. These authors
concluded this may have resulted from increased stem respiration induced by warmer temperature.
In contrast to climate variables, edaphic variables were not significant in the model, and this result is
consistent with the findings of some previous studies on dominant height that were reported by Fang
and Bailey [52], Wang et al. [22], and Sharma et al. [24]. Although some studies [5,53,54] concluded
that edaphic variables can express the variability of dominant height, we suggest this may rely on
species and regions. Because CO2 data were not available, the potential effects of changes in CO2 and
atmospheric deposition were neglected in the present study.
4.2. Projection of Dominant Height Growth under Future Climate Change
According to the climate-sensitive dominant height growth model constructed in the present
study, we predicted dominant height change under different future climate scenarios and found that
the average difference in dominant height of larch plantations among provinces would range from
´0.61 m to 1.75 m (´6.9% to 13.5%) by 2041–2060 and from ´1.17 m to 3.28 m (´9.1% to 41.0%) by
2061–2080. This implies that climate change significantly affects dominant height growth of larch
plantations. In order to explore the spatial heterogeneity, we analyzed the sensitivity among provinces
with respect to dominant height difference between future climate scenarios and current climate
(Figure 3), and between the provinces and the whole region. We found that dominant height growth in
Beijing, Inner Mongolia, and Shanxi was less sensitive than in Hebei, Heilongjiang, Jilin, and Liaoning,
and forests in cold and warm temperate zones had lower sensitivity to climate change than those in
the mid temperate zone. Furthermore, a significant trend was found, i.e., the change in dominant
height decreased with an increase in forest age. The dominant height difference for each plot was also
investigated and ranged from´5.09 m to 10.31 m (´39.7% to 121.9%), which was caused by the extreme
climate change under the predicted future climate scenarios. The values of the climatic variables
under the future climate scenarios were projected based on underlying scenario assumptions, and the
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dominant height was calculated using a height-diameter model [32]; thus, uncertainty exists in the
model predictions, which need to be highlighted clearly to the model user. In addition, the prediction
risk arising from the uncertainty using a future climate dataset based on a small numbers of climate
variables may cause large variation. Uncertainty in the model prediction of dominant height/site index
under climate change was also observed in previous studies. Shen et al. [30] found that the average
site index of Larix olgensis A. Henry ranged from 0.3 m (2.2%) to ´0.8 m (´5.9%) by 2050 and from
0.5 m (3.7%) to ´1.6 m (´11.8%) by 2070 in Jilin province, China. Albert and Schmidt [55] predicted a
change in site index for the period 2041–2050 that varied from ´1.19 m to ´2.87 m (´4.4% to ´10.5%)
with decreasing precipitation and from´0.24 m to 2.05 m (´0.8% to 7.7%) with increasing temperature.
Bravo-Oviedo et al. [56] found that the change in site index prediction of Spanish Pinus pinaster Ait.
fluctuated greatly between ´30% and 12.5%. Weiskittel et al. [57] predicted that the predominant trend
from 2000 to 2090 was a 0–5 m (0%–30%) increase in the average site index across forests of the western
part of the United States. When using model outputs from climate-sensitive growth models, caution
should be taken because of the uncertainty arising from the different climate scenarios, model errors,
and tree species.
4.3. Management Implications for Larch Plantations
Because of the uncertainties discussed above, it is difficult to accurately quantify how climate
change may affect forest management. However, climate-sensitive forest growth models represent an
important step towards providing relevant information for making adaptive management decisions
associated with future climatic conditions. In order to balance timber supply and demand and to
guarantee national timber security, the National Strategic Timber Reserve Plan from 2015 to 2020 was
issued by the Chinese government, and larch was identified as a main tree genera. To achieve this
goal, we developed a climate-sensitive dominant height growth model that can be used to quantify
climate-related site quality and provide information on spatial variation of how climate change affects
dominant height growth over time. In terms of the projections made in the present study, young
forests were more sensitive to climate change than old forests, and managers may need to pay more
attention to young forests. As both increases and decreases were found, rotation age may need to be
adjusted according to the changes in growth rate. Moreover, more careful adaptive measures should be
implemented in larch plantations in Hebei, Heilongjiang, Jilin, and Liaoning, which are more sensitive
to climate change than those in Beijing, Inner Mongolia, and Shanxi. Our results also suggested
the need for locally specific adaptation measures, owing to the large effects of spatial heterogeneity
associated with climate change. Additionally, because of uncertainties related to climate scenarios and
model errors, model users should be careful if their findings differ significantly from their experiences.
Furthermore, future validation should be considered, and risk management should be implemented in
forest management.
Supplementary Materials: The following are available online at www.mdpi.com/1999-4907/7/7/151/s1.
Table S1: Predicted dominant height under future climate scenarios by provinces; File S1: Details on the process of
eliminating variables.
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